yses, visualization is crucial for quality control (QC) as well as exploratory data analyses. For example, dimensionality reduction techniques such as principal component analysis (PCA) [1] or t-distributed stochastic neighbor embedding [2] are applied to a gene expression matrix to visualize individual cells as points in 2-or 3-dimensional space. Heat maps are also used to visualize gene expression matrices and highlight latent clusters of genes and cells. To date, many tools for visualizing gene expression matrices of scRNA-seq data have been proposed [3] .
In contrast to visualization of gene expression matrices, visualization of read coverage, which is the distribution of mapped reads along genomic coordinates, helps reveal diverse aspects of RNA sequencing data and thus RNA biology and functional genomics. For example, read coverage reflects transcribed gene structures (e.g., exon-intron structures and transcript isoforms) [4] , RNA processing events (e.g., normal and recursive splicing [5] ), and transcription of intergenic and unannotated regions (e.g., enhancer RNAs [eRNAs]) [6] . Moreover, visual inspection of read coverage enables quality assessment of experimental methods (e.g., whether amplification is biased [7] ) and bioinformatic methods (e.g., the accuracy of expression level estimation).
Given that scRNA-seq has revealed cellular heterogeneity in gene [8] and splicing isoform expression [9] , [10] , visualization of read coverage of scRNA-seq data is expected to reveal cellular heterogeneity in read coverage, which can be interpreted as biological (e.g., transcription and RNA processing) and technical (e.g., amplification biases) heterogeneity. Read coverage is informative, especially for socalled "full-length" scRNA-seq methods such as Smart-seq2 [11] and RamDA-seq [12] , compared with "3 0 -tag sequencing" scRNA-seq methods, which sequence only the 3 0 ends of RNAs and cannot be used to extract rich information from read coverage [13] [14] . Despite their potential importance, however, tools specifically for the visualization of read coverage of scRNA-seq data are still lacking.
To explore cell-to-cell heterogeneity in read coverage, we propose several requirements of a tool for visualization of read coverage in scRNA-seq data (Table 1) . First, the tool must be able to display read coverage of all individual cells in a scRNA-seq dataset at once. This is because scRNA-seq data consist of many (10 2 -10 3 ) cells and frequently includes latent heterogeneity that is masked by the summation of expression across cells. Second, the tool must associate read coverage with genomic contexts, such as gene structures and epigenomic features, because read coverage data can be interpreted only when it is displayed simultaneously with their genomic contexts. Third, the tool must highlight the cell-to-cell heterogeneity of read coverage within focal regions. This is because there should be "local" region-specific cell-to-cell heterogeneity in read coverage at transcriptional (e.g., antisense RNAs and eRNAs) and post-transcriptional (e.g., alternative splicing) levels, and such heterogeneity is di cult to notice in advance by cell groupings defined according to global similarity among cells.
Genome browsers and heat maps are two major tools for read coverage visualization. However, they are insu cient for fulfilling the above requirements.
Genome browsers, such as IGV [15] and JBrowse [16] , utilize "tracks" to display 
Results and Discussion
Millefy highlights cellular heterogeneity in gene expression and transcribed gene Figure 4 ). This is consistent with the previous report that RamDA-seq can detect We applied Millefy to C1-RamDA-seq data (n = 96) and C1-SMART-Seq V4
(n = 95) data from a dilution of 10 pg of mESC RNA. This result demonstrates that Millefy visualizes read coverage in scRNA-seq as a QC measure and complements existing scRNA-seq QC pipelines based primarily on gene expression matrices [3] .
Computational time
We measured the computational time of Millefy for visualizing whole gene bodies using RamDA-seq data with 793 samples from mESCs [12] . For 1000 randomly selected gene loci (of expressed genes with average TPM>5), Millefy processed BigWig and BAM files in 39.3 and 138.9 s, respectively, on average.
Conclusions
Millefy, which is integrated with Jupyter Notebook and provided as a Docker image, can easily be utilized in exploratory analyses of scRNA-seq data. Moreover, in the development of bioinformatics methods using rule-based and machine learning approaches for profiling alternative splicing or novel RNAs by scRNA-seq, visualiza- tion of read coverage will become more important for evaluating and representing the predictions of algorithms. In conclusion, Millefy can help researchers assess cellular heterogeneity and RNA biology using scRNA-seq data.
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